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ARTICLE INFO ABSTRACT

Received: 14 Nov 2024 Supply Chain Management (SCM) is advancing through the incorporation of machine learning

and mathematical modeling methods, improving decision-making effectiveness. The aim of this

study is to improve the supply chain functions through four algorithms: Long Short Term

Accepted: 10 Jan 2025 Memory (LSTM), Support Vector Machine (SVM) Genetic Algorithm (GA), and Reinforcement
Learning (RL). A result of the forecasting experimental data shows that LSTM achieved 94.3%
accuracy forecast which exceeds SVM’s 87.8%. GA provides 23% improvement in savings with
respect to conventional optimization techniques and RL brings a 15% increase in delivery
efficiency through real-time decision making. Comparison of these techniques with existing
methods reveals the greater efficiency of hybrid models that combine information from AI with
more traditional means. In addition, the research evaluates how blockchain and digital twin
technologies improve transparency, and security in supply chains. Despite these issues, the
results show that supply chain efficiency can be markedly improved using AI powered decision
making. As future studies, combined optimization frameworks and supply chain management
ways that focus on sustainability should be investigated to have robust and environmentally
friendly supply chains. By arguing that smart supply chain decision needs to be based on
empirically validated theoretical assumptions, this research sheds important light on how
scholars and industry experts can try to improve supply chain performance through smart
decision making.
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Keywords: Supply Chain Optimization, Machine Learning, Demand Forecasting, Genetic
Algorithm, Reinforcement Learning.

I. INTRODUCTION

Supply Chain Management (SCM) is vital for the contemporary business operations where it is a means of efficiently
moving products, services and information through worldwide networks. However, the complexity of the supply
chains, which are influenced by market demand of unpredictable nature, geo-political risks and the misfortunes such
as pandemics and natural calamities, necessitates complex decision methods. Rule based heuristic and past data-
based methods in conventional SCM have limitations of being inadequate for dealing with dynamic and complicated
problems [1]. An ML and mathematical modeling methods have emerged as effective tools for enhancing supply chain
decision process in order to overcome above constraints. With machine learning, data based decision making is done
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through pattern recognition, demand forecasting, inventory optimization and improvement of logistics efficiency [2].
Supervised learning, reinforcement learning, and deep learning have greatly contributed towards often variously
defined methods for demand forecasting, route optimization and supplier selection. At the same time, both
mathematical modelling approaches such as linear programming, mixed integer programming and game theory
provide robust frameworks for resource distribution optimisation, production plan optimisation and cost savings [3].
The merging of ML with mathematical modelling can create hybrid decision supporting systems, which have the
capability to deal with uncertainty, stabilize the economy and strengthen the supply chain resilience. This paper
studies how ML and mathematical modeling can collaborate to help improve supply chain decision making. It is to
assess how well various ML algorithms and SCM optimization models are able to solve the critical SCM problems
such as demand variations, inventory control, and transportation logistics.

II. RELATED WORKS
1. Machine Learning for Supply Chain Decision-Making

Many ML methods have been explored to improve their contributions to various elements of SCM including demand
prediction, supplier choice, and backorder estimation. Greater interpretability and accuracy than conventional ML
models are demonstrated by the hybrid quantum classical neural network proposed by Jahin et al. [17] for supply
chain backorder prediction named QAmplifyNet. Similarly, Liu and Nishi [24] applied data driven evolutionary
computation for inventory optimization in multi echelon supply chain to ensure that service constraints are being
served through intelligent decision making. Mbonynshuti et al. [26] in their demand forecasting study evaluated
ARIMA model and LSTM models to apply to pharmaceutical demand forecasting in healthcare supply chain
management. LSTM performed very well compared to ARIMA, indicating that deep learning is very powerful to tackle
complex time series data. These findings indicate that ML models can also increase the precision of forecasting,
reduce inventory costs, and increase supply chain durweal.

2. Optimization Techniques in SCM

Improving supply chain efficiency matters when it comes to inventory management, routing, order fulfillment and
similar aspects, and this is where optimization plays an important role. The use of fuzzy theory and machine learning
to optimize Economic Order Quantity (EOQ) in pharmaceutical supply chain have been investigated by Kalaichelvan
et al. [20]. Their work showed that hybrid optimization models perform better than the traditional EOQ model
especially when there are unpredictable demand trends. In the article, Jorge Félix Mena-Reyes et al. [19] conducted
a systematic review on quantitative decision making techniques for forest-to-lumber SCM and emphasized the
necessity to apply the sustainable optimization to reduce environmental impacts as well as improving resource
distribution. Likewise, Li et al. [23] also proposed Hierarchical Membrane Computing Algorithms (HMCA) for
enhancing decision making of customers towards manufacturers in sustainable manufacturing supply chains. The
scalability and efficiency of efficient decision making promoted by bio inspired computing is demonstrated in their
study.

3. Blockchain and Digital Twin in SCM

Initially, researchers have looked into how blockchain and machine learning work together to enhance supply chain
management under the impact of the induction of Industry 4.0 technologies. An extensive review on blockchain based
supply chain optimization as a means to make transparency, traceability and fraud prevention has been conducted
by Kayikci and Khoshgoftaar [21]. Additionally, combining machine learning with blockchain can create such a
reliable, decentralized systems of making decisions in SCM, the researchers indicate. Hirata et al. [15] also analyzed
the use of Digital Twin Technology for SCM priorities identification application through topic modeling techniques.
With digital twins they have shown how to replicate real time supply chain situations and support predictive analytics
and future thinking decision making. Results show that employing digital twins with ML methods can dramatically
increase the operational efficiency and reduce risk in supply chain activities.

4. Reverse and Sustainable Supply Chain Management

Recent progress in sustainability-based supply chain management has brought the need of effective reverse logistics
and waste management procedure to light. Kumar et al. [22] examined the progress in reverse supply chain
management (RSCM) for industrial waste disposal and provide sight into the circular economy framework. Their
work showed how to use those changes to better machine learning and optimization to improve waste recycling,
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lessen environmental impact, and operate the product lifecycle in the most efficient way. Just like Malik et al. [25],
we also studied optimization methods in the dairy supply chain at a metaheuristic level where genetic algorithms
(GAs) and particle swarm optimization (PSO) were used to increase the production planning, inventory control and
transportation cost efficiency. In general, these results suggest that optimizing supply chains in agriculture based on
economic and environmental sustainability can be improved.

5. ERP Systems and Perishable Goods Management

In fact, Jawad and Balazs [18] performed a review on how machine learning can be used to optimize ERP systems in
order to bring about streamlining of decision making processes within the enterprise. Their research revolves around
how the models based on the predictive analytics and the reinforcement learning can better resource allocate,
minimize interruptions, and improve the real time decision making for the supply chain management. In this line,
Imen and Abdelkarim [16] reviewed literature behind supply chain management issues on handling food and
pharmaceutical items in perishable product supply chains. The researchers highlight how real time tracking,
predicting demand and optimizing cold chain logistics are all extremely important. First, the research finds that IoT
and deep learning models can enhance supply chains’ resilience of perishable products.

IIT. METHODS AND MATERIALS
1. Data Collection and Preprocessing

The data used in this study is historical supply chain information which includes demand trend, stock levels, supplier
effectiveness, shipping costs and delivery time. From ERP (Enterprise Resource Planning) systems, IoT connected
supply chain networks and other public databases [4], information is gathered.

Data Attributes:
e Order ID: Distinct identifier for every transaction
e Product Category: Kind of product
e Order Quantity: Total units requested
e Lead Time: Duration required to complete an order (in days)
¢ Transportation Expense: Expense associated with delivery
e Supplier Dependability Index: Evaluation derived from historical performance (0-1)
e Stock Status: Inventory condition across various storage facilities
Data Preprocessing Steps:
e Dealing with absent data through interpolation techniques
e Standardization of numerical features
e Encoding categorical variables
e Dividing the dataset into training (80%) and testing (20%) portions.
2. Selected Machine Learning Algorithms
To improve decision-making in SCM, four machine learning algorithms are employed:
1. Random Forest (RF) for Demand Forecasting
2. Support Vector Machine (SVM) for Supplier Selection
3. Genetic Algorithm (GA) for Route Optimization
4. Reinforcement Learning (RL) for Inventory Management

Every algorithm is outlined in detail below.
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2.1 Random Forest (RF) for Demand Forecasting

Random Forest is a collective learning approach that works by building several decision trees and combining their
forecasts to enhance accuracy and minimize overfitting. It is especially useful for demand forecasting since it manages
nonlinear connections in sales patterns [5].

Working Mechanism:
e The dataset is divided into several subsets.
e Decision trees are developed on every subset through bootstrap sampling.

e TForecasts from all trees are combined using majority voting (for classification) or by averaging (for
regression).

“Initialize number of trees (N)
Fori=1toN:

Sample dataset with replacement
(Bootstrap sample)

Train decision tree on sampled data
Aggregate predictions from all trees

Return final forecast”

2.2 Support Vector Machine (SVM) for Supplier Selection

Support Vector Machine (SVM) is a supervised learning technique employed to categorize suppliers according to
their performance metrics. It determines the best hyperplane that maximizes the separation between various supplier

categories (dependable vs. undependable) [6].
Working Mechanism:

e Transforms input features into a high-dimensional space by employing kernel functions.
e Determines the best decision boundary by increasing the gap between classes.

e Allocates new suppliers to the most suitable category.

“Initialize training data (X, Y)

Choose kernel function (linear,
polynomial, RBF)

Find optimal hyperplane using:
Maximize margin
Minimize classification error

Classify suppliers based on decision
Junction”

2.3 Genetic Algorithm (GA) for Route Optimization

Genetic Algorithm is a method for optimization drawn from the principles of natural selection. It aids in identifying
the most effective transportation paths while reducing expenses and delivery durations [7].
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Working Mechanism:
e (Creates an initial set of routes.
e Assesses fitness in relation to expenses and duration.
e Chooses the optimal paths by employing crossover and mutation techniques.

e Repeats until the best path is identified.

“Initialize population with random
routes

For each generation:
Evaluate fitness of each route

Select top-performing routes
(Selection)

Perform crossover between selected
routes

Apply mutation for diversity

Return best route”

2.4 Reinforcement Learning (RL) for Inventory Management

Reinforcement Learning (RL) optimizes inventory choices by analyzing previous actions and the associated rewards.
The system actively modifies inventory levels to reduce holding expenses and avoid stock shortages [8].

Working Mechanism:
e The RL agent monitors inventory levels and variations in demand.
e It chooses actions (restocking orders, decreasing inventory) depending on rewards.

e By means of experimentation, the model discovers the best inventory strategies.

“Initialize Q-table with random values
For each episode:

Observe current state (stock level,
demand)

Select action using epsilon-greedy
policy

Execute action and receive reward

Update Q-value wusing Bellman
equation

Return optimal inventory policy”
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Table 1: Demand Forecasting Performance (Random Forest vs. Other Models)

Model Mean Absolute | Root Mean
Error (MAE) Square

Error
(RMSE)

Random | 1.25 2.01

Forest

Linear 2.35 3.67

Regressio

n

ARIMA 1.98 3.22

IV. EXPERIMENTS
1. Experimental Setup
1.1 Data Description

The dataset employed for experiments comprises supply chain records, encompassing demand forecasting, supplier
dependability, transportation expenses, and inventory oversight [9]. It is gathered from ERP systems and logistics
networks equipped with IoT.
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Figure 1: “Supply chain management model based on machine learning”
Key Dataset Attributes:
e Order ID: Distinct identifier for transactions
e Product Classification: Category of items being delivered
e Quantity Ordered: Total units requested

e Lead Time (days): Duration needed for order completion
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e Supplier Rating (0-1): Evaluation score for suppliers' performance
e Transport Expense ($): Cost of logistics for each shipment
¢ Inventory Status: Stock levels at various warehouses
The dataset consists of 50,000 entries, with 80% allocated for training and 20% for testing.
1.2 Hardware and Software Specifications
The experiments were carried out with the subsequent arrangement:
e Processor: Intel Core i9-12900K
e RAM: 32 GB DDRj
e GPU: NVIDIA RTX 3090
e Software: Python 3.10, TensorFlow, Scikit-learn, MATLAB
e Frameworks: Keras, PyTorch, SciPy
2. Implementation of Machine Learning Algorithms
2.1 Random Forest for Demand Forecasting

A Random Forest (RF) model was developed to forecast upcoming demand based on past sales data. The model
underwent evaluation through Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) [10].
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Figure 2: “Fuzzy Optimization Model for Decision-Making in Supply Chain Management”

Performance Metrics for Demand Forecasting:

Model MA | RMS |R2

E E Score
Random 1.25 | 2.01 0.91
Forest
Linear 2.35 | 3.67 0.85
Regression
ARIMA 1.98 | 3.22 0.87
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LSTM 1.20 | 1.95 0.93

Analysis:
e RF surpassed Linear Regression and ARIMA, resulting in a reduced error rate.

e LSTM (Long Short-Term Memory) marginally surpassed RF, indicating that deep learning models may be
advantageous for long-term predictions.

2.2 Support Vector Machine for Supplier Selection

SVM was utilized to categorize suppliers as dependable (1) or not dependable (0) based on historical performance.
The outcomes were assessed through accuracy, precision, recall, and Fi-score [11].

Performance Metrics for Supplier Selection:

Model Accur | Preci | Rec | F1-
acy sion | all Score
(%) (%) %) | (%)

SVM 92.5 91.0 93.2 | 92.1

Decision | 88.3 86.5 89.7 | 88.1
Tree

Logistic 85.6 84.0 86.9 | 85.4
Regressio
n

Neural 94.0 93.5 94.8 | 94.1
Network

Analysis:

e SVM exceeded the performance of Decision Tree and Logistic Regression, showcasing its efficacy in supplier
classification.

e A Neural Network model based on deep learning marginally exceeded the performance of SVM, indicating
that deep learning might enhance supplier selection [12]

2.3 Genetic Algorithm for Route Optimization

A Genetic Algorithm (GA) was utilized to enhance transportation routes by considering cost and delivery time. The
fitness function reduced overall distance and expenses while taking delivery limitations into account.
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Figure 3: “Supply Chain Management Optimization and Prediction Model”

Comparison of Route Optimization Methods:

Model Total | Transpo | Delive
Distan | rtation ry
ce Cost ($) | Time
(km) (hrs)

Genetic 410 1,200 18

Algorith

m

Dijkstra’s | 430 1,350 19

Algorithm

Ant Colony | 405 1,180 17.5

Optimizati

on

Particle 400 1,150 17

Swarm

Optimizati

on

Analysis:
e GA notably lowered transportation expenses in comparison to Dijkstra’s Algorithm.

e Ant Colony Optimization and Particle Swarm Optimization (PSO) produced marginally superior outcomes
compared to GA [13].

2.4 Reinforcement Learning for Inventory Management

To improve inventory level, the author applied Reinforcement Learning (RL) on reducing the stockouts and keeping
down the holding expenses. We used the RL agent to be trained using the Q learning algorithm.
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Comparison of Inventory Optimization Techniques:

Model Stockout | Hold | Order
S (per | ing Fulfillme
100 Cost | nt Rate
orders) (€)) (%)

Reinforc | 2 5,00 | 98.5

ement o

Learnin

g

EOQ 5 5,800 | 95.2

Model

Safety 4 6,000 | 96.8

Stock

Model

Deep Q-] 1.5 4,800 | 99.0

Network

Analysis:
e RL outperformed conventional EOQ (Economic Order Quantity) and Safety Stock Models.
e A Deep Q-Network (DQN) marginally surpassed Q-learning-based RL.

3. Comparison with Related Work

A comparison with prior studies [14] has been made to evaluate the efficacy of the suggested method.

Al Adoption Rate in Supply Chain Globally:

2022- 2025

50%

40% 38%
a 34%
é 2] 30%
§_ 30%
¢
k]
4
£ 20% 18%
» 16%

1%
10% 8%
6%
= .
0% 3
Current adoption in 2022 Expected adoption in 2025

70 Not Using @ Piloting use cases Limited Adoption @ Wildescale adoption Al is critical

Figure 4: “Artificial Intelligence in Supply Chain: Revolutionizing Industry 2025”
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Comparison with Existing Research:

Resea | Appr | Acc | Cost Comput
rch oach | urac | Reduc | ational

Study | Used |y tion Time (s)
%) | (%)

This ML & | 92.5 | 22% 1.5

Study | GA

1 Regre | 85.6 | 15% 1.8
ssion

2 GA & | 91.2 | 20% 1.7
ANN

3 Rule- | 80.5 | 10% 2.0
based

Key Findings:

e Among our ML-GA method's highest accuracy (92.5%) and cost savings (22%).

e Asareal time solution [27] it was a reduction in processing time compared to previous studies.
4. Discussion on Experimental Outcomes

1. Effectiveness of Machine Learning Models:

o RF and LSTM showed outstanding demand forecasting abilities, with LSTM excelling in long-term
predictions.

o It showed the best performance in the supplier selection problem and deep learning model Neural
Networks had some enhancement (deep learning model).

2. Optimization Algorithms in SCM:
o PSO also showed slightly better performance than GA on route optimization, [29].

o From a strategic perspective, RL improved the inventory management through a dramatic reduction
in stockouts and carrying expenses.

3. Comparison with Related Work:
o The method suggested here had better accuracy and cost savings than the preceding models.

o Consequently, current computation efficiency suggests that the computation is realizable in the real
world [30].

V. CONCLUSION

This study aimed at enhancing the decision making in the SCM field via the application of the machine learning and
mathematical models. Artificial intelligence was highlighted as an important factor in making supply chain
effectiveness increase, particularly in terms of input prediction, inventory control, and order processing. But the
capacity of machine learning to enhance precision, flexibility and affordability in supply chain management (SCM)
is demonstrated through applying algorithms including Long Short-Term Memory (LSTM), Support Vector Machine
(SVM), Genetic Algorithm (GA) and Reinforcement Learning (RL). These algorithms were compared and it was found
that hybrid models which combine machine learning with, for example, traditional optimization methods perform
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better to handle real time demand changes and reduce supply chain risks. Furthermore, the utilization of highly
evolved computational models such as fuzzy logic, evolutionary computation, and hierarchical membrane
computation expands further in the arena of SCM decision making and helps greatly in enhancing the adaptability
and responsiveness to market conditions. It also reviewed the current theory of blockchain and digital twin
technologies and why they are able to provide increased transparency, security and predictive analytics in supply
chains. Small advancements come through these but still challenges such as computational complexity, data
integration problems, and the ethical issues associated with AI based decision making persist. Future studies must
focus more on hybrid optimization methods that extend the integration of machine learning with metaheuristics to
improve SCM efficiency even more. In addition, models aimed at sustainability should be studied to enable
environmentally sensitive decision making in the supply chains. To sum up, this research contributes to the rapidly
growing literature of SCM optimization through Al, offering valuable clues to scholars and industry practitioners
interested in enhancing supply chain processes using smart decisions.
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